Applying graph theoretical analysis of spontaneous BOLD fluctuations in functional magnetic resonance imaging (fMRI), we investigated whole-brain functional connectivity of 11 healthy volunteers during wakefulness and propofol-induced loss of consciousness (PI-LOC). After extraction of regional fMRI time series from 110 cortical and subcortical regions, we applied a maximum overlap discrete wavelet transformation and investigated changes in the brain's intrinsic spatiotemporal organization. During PI-LOC, we observed a breakdown of subcortico-cortical and corticocortical connectivity. Decrease of connectivity was pronounced in thalamocortical connections, whereas no changes were found for connectivity within primary sensory cortices. Graph theoretical analyses revealed significant changes in the degree distribution and local organization metrics of brain functional networks during PI-LOC: compared with a random network, normalized clustering was significantly increased, as was small-worldness. Furthermore we observed a profound decline in long-range connections and a reduction in whole-brain spatiotemporal integration, supporting a topological reconfiguration during PI-LOC. Our findings shed light on the functional significance of intrinsic brain activity as measured by spontaneous BOLD signal fluctuations and help to understand propofol-induced loss of consciousness.
Introduction
The majority of the brain's energy consumption is associated with metabolism inherent to intrinsic neuronal activity (Ames, 2000) . Intrinsic brain activity, as reflected in spontaneous slow fluctuations in BOLD signals in functional magnetic resonance imaging (fMRI), has been proposed to provide important clues on brain organization and mapping of its spatiotemporal correlation structure seems a promising approach to assess basic properties of brain function (Biswal et al., 2010) . Patterns of coherent signal fluctuations in fMRI have been associated with large-scale functional brain networks (Biswal et al., 1995; Cordes et al., 2001; Greicius et al., 2003; Fox et al., 2006; Seeley et al., 2007) and suggested to contribute to variability in human behavioral task-performance and perception (Hampson et al., 2006; .
Recent research has probed the functional significance of intrinsic brain activity to explain altered states of consciousness. Positron-emission tomography (PET) studies reported decreases in global brain metabolism throughout non-rapid eye movement (NREM) sleep (Braun et al., 1997) and in pharmacologically modulated (Alkire et al., 1995; Fiset et al., 1999) and pathologically altered states of consciousness (Laureys et al., 2004) . For hypnotic anesthetics, such as propofol, hypometabolism during loss of consciousness was reported for parts of the ascending reticular activation system, in particular thalamus, the association cortices, such as posterior cingulate cortex (PCC), and frontoparietal cortices (Kaisti et al., 2003) . Since findings overlap largely with metabolic decreases during NREM sleep, anesthesia and sleep have been suggested to share some common functional circuits to induce loss of consciousness (Lydic and Baghdoyan, 2005) .
But how does the organization of large-scale functional networks change during propofol-induced loss of consciousness (PI-LOC)? While early fMRI studies of BOLD signal fluctuations across levels of consciousness reported persistent intrinsic activity and relatively preserved spatial organization during light sleep and sedation (Greicius et al., 2008; Horovitz et al., 2008; LarsonPrior et al., 2009) , recent studies point to a state-dependent modulation: during propofol-anesthesia, a linear association between functional connectivity of frontoparietal networks and levels of consciousness (Boveroux et al., 2010) , a reorganization of key nodes of the default mode network (Stamatakis et al., 2010) , and decreased subcortical-cortical connectivity have been reported (Mhuircheartaigh et al., 2010) . State-dependent changes in functional connectivity have also been observed during deep NREM sleep (Horovitz et al., 2009; Sämann et al., 2011) . How these findings relate to recent models of spontaneous brain activity and conscious processing (Dehaene and Changeux, 2005) or information integration (Tononi, 2004 ) has yet to be tested systematically.
Assuming potential similarities between some physiologic characteristics of deep NREM sleep and anesthesia-induced loss of consciousness (Lydic and Baghdoyan, 2005) and motivated by previous observations of state-dependent connectivity changes during NREM sleep (Spoormaker et al., 2010) , we applied graph theory to investigate changes in topological properties of wholebrain functional networks. During PI-LOC, we hypothesized to find reduced functional connectivity strength, particularly of subcortical-cortical connections, and a reduced probability of high-degree hubs. Furthermore, we expected differential changes in brain topology, such as a decrease in spatiotemporal integration and a more insulated pattern of activity, possibly related to a reduction in long-range connections.
Materials and Methods
Subjects. Fifteen male subjects participated in the study. The study protocol was in accordance with the Declaration of Helsinki and approved by the local ethics committee of the medical department of the Technische Universität München, Germany. All subjects were right-handed, drug-free, and had no history of neurological or psychiatric disorders. Subjects had to give written informed consent and were reimbursed for participation. Individuals with excessive head movements during fMRI scanning (Ͼ2 mm between two subsequent EPI images) were excluded, leaving a sample of 11 subjects (mean age Ϯ SD: 25.8 Ϯ 3.0 years). In the present analyses, we focus on changes from wakefulness to PI-LOC.
Sedation protocol. Propofol [2,6 di-isopropylphenol; (James and Glen, 1980) ] is an anesthetic agent that is thought not to interfere with cerebral blood flow response and flow-metabolism coupling (Johnston et al., 2003; Veselis et al., 2005) . Propofol acts mainly on GABA A receptors, potentiating GABAergic interneurons in the cortex and enhancing neuronal inhibition (Antkowiak, 1999; Franks, 2008; Brown et al., 2011) . The effect depends mainly on the dosage and speed of administration. During simultaneous electroencephalography (EEG) and fMRI, propofol was administered in the scanner using a target controlled infusion (TCI) pump (Open TCI, Space Infusion System; Braun Medical) to obtain constant effect-site concentrations, as estimated by the pharmacokinetic model of Marsh et al. (1991) . TCI concentrations were increased in 0.4 g/ml steps beginning at 1.2 g/ml until volunteers stopped responding to the verbal command "squeeze my hand" accompanied by a firm handshake [PI-LOC corresponding to a Ramsay sedation scale of 5-6 (Ramsay et al., 1974) , i.e., sluggish or no response to tactile or auditory stimulation]. TCI concentration at this point was maintained and kept stable for another 10 min to ensure equilibration of the estimated effect-site concentration. Having reached this equilibrium, simultaneous EEG and fMRI measurements were performed subsequently for ϳ10 min. After that, a phase of sedation at 50% of the PI-LOC concentration was recorded; however, movement artifacts prevented a reliable analysis of these fMRI data. Throughout the experiment, standard monitoring parameters, such as breathing frequency, blood pressure, cardiac rhythm, and pulse oxymentry, were measured. Oxygen administration (via nose tube) and expiratory CO 2 concentrations were continuously monitored.
EEG analysis. Nonlinear permutation entropy (PeEn) of EEG electrodes has been established to reliably separate normal wakefulness from PI-LOC (Jordan et al., 2008) . PeEn is a measure of the irregularity of signals and is based on a comparison of the neighboring order of signal values (Bandt and Pompe, 2002) . It has been shown that PeEn is largely unaffected by signal disturbances and can be used to analyze time series generated by high-dimensional dynamic systems with low stationarity. In the present investigation, we used PeEn as an additional measure to indicate levels of vigilance and to verify the effect of state on brain functional networks. EEG recordings were performed using a 64-channel electrode cap with nonmagnetic Ag/AgCl electrodes (Easycap) and two 32-channel nonmagnetic battery-operated EEG amplifiers (BrainAmp MR; Brain Products) designed for MRI in-scanner measurement. One EEG channel was dedicated to register the electrocardiogram (ECG) and placed over the subject's chest. The resolution of the EEG acquisition system was 100 and 500 nV for ECG and signals were recorded with a sampling rate of 5 kHz (BrainVision Recorder; Brain Products). EEG signal preprocessing was performed with BrainVision Analyzer 2 (Brain Products). Gradient artifacts produced by fMRI were averaged over a sliding window and subtracted from the EEG signals. Cardioballistic artifacts caused by cardiomechanic electrode induction were removed using a template-detection method. Templates were based on detected local maxima (R-peak) of the ECG and subtracted from the EEG using sliding windows of 21 epochs. Basic artifact rejection (EEG with amplitudes exceeding 250 V), average reference, and independent component analysis for blind source separation of noncortical signal components were computed. Finally, PeEn of 18 frontal EEG electrodes (Fp1-FC6, average reference, total bandwidth 0.5-30 Hz) was calculated.
fMRI acquisition and preprocessing. Resting-state fMRI recordings were acquired at a 3T MR system (Achieva Quasar Dual; Philips) using an eight-channel phased-array head coil and a gradient echo EPI sequence (TR, 1838 ms; TE, 30 ms; flip angle, 75°; 72 ϫ 72 matrix; FOV, 220 ϫ 220 mm; 32 slices oriented along AC-PC; slice thickness, 3 mm; 1 mm interslice gap; scan duration 10 min). The following fMRI preprocessing steps were performed using SPM (version 5; www.fil.ion.ucl.ac.uk/spm): slice time correction to account for interleaved slice acquisition, realignment to the first image to correct for small head movements, and spatial normalization of all images to a standard EPI template in Montreal Neurological Institute (MNI) standard space. Only scans with head movements Ͻ2 mm between two subsequent volumes were accepted, resulting in 200 scans per subject for the final connectivity analysis. Finally, images were resampled to a voxel resolution of 2 ϫ 2 ϫ 2 mm 3 using a fifth-degree spline interpolation. To remove unspecific signal variation from the time series, the following regressors were defined in a multiple regression model: six head movement parameters derived from the realignment step (1-6) and global signals within white matter (WM) and ventricular CSF (7-8). Time series for WM and CSF were calculated using 3 mm radius spheres in deep WM and CSF (Chang and Glover, 2009) . No global signal removal was applied, since it was observed to suppress meaningful neural activity (Zhang et al., 2008; Schölvinck et al., 2010) and to artificially increase anticorrelations (Chang and Glover, 2009; Weissenbacher et al., 2009) . Resultant residual images only contained signals not explained by regressors 1-8 and were used for extraction of regional time courses. To ensure that changes in functional connectivity were not biased by differences in head motion, we compared mean movements of experimental conditions using the root-mean-square of translational parameters (Van Dijk et al., 2012) .
Brain parcellation and time course extraction. Multiple brain atlases were used to extract time series for our connectivity analyses. The main analysis was performed on the Harvard-Oxford Probabilistic Atlas (threshold at 25%), as implemented in FSL [FMRIB Software Library, www.fmrib.ox.ac.uk/fsl (Smith et al., 2004) ], which subdivides the brain into 110 cortical and subcortical regions. Regional time series were extracted using the average signal of all voxels inside each region using the Marsbar toolbox (Brett et al., 2002) . Time series then underwent a maximum overlap discrete wavelet transform (MODWT) by applying the WMTSA wavelet toolkit (www.atmos.washington.edu/ϳwmtsa/) with a Daubechies wavelet (Percival and Walden, 2000) . This resulted in four frequency scales [0.13-0.27 Hz (scale 1), 0.07-0.13 Hz (scale 2), 0.03-0.07 Hz (scale 3), and 0.01-0.03 Hz (scale 4)] with frequency-bandspecific correlation matrices. To increase comparability with previous studies Spoormaker et al., 2010) and to reduce confounds through nonneuronal physiological variations (Birn et al., 2006; Shmueli et al., 2007) , we focus our main analyses on frequency band 0.03-0.07 Hz (scale 3). To control for possible effects of brain parcellation (Zalesky et al., 2010) , we additionally performed graph analyses on the widely used automatic anatomical labeling (AAL) template (Tzourio-Mazoyer et al., 2002 ) and a recently proposed functional brain parcellation by Dosenbach et al. (2010) , in which all 160 cerebral spheres have the exact same size and do not overlap. To allow comparisons of our analysis with classical resting-state fMRI approaches, we further analyzed the frequency band 0.01-0.10 Hz using a third-order Butterworth filter.
Graph construction. Graph theoretical analyses were run on binary adjacency matrices A. A is gained by thresholding the weighted matrix M at an individual correlation threshold R, ensuring statistics on graphs with the same number of edges and nodes. Statistical analysis on binary graphs was restricted to a range of thresholds including connection probabilities of 36 -50% (1% increments, 15 values in total). This procedure follows the rationale that some networks may become disconnected at lower thresholds (for the present graphs, this was the case for thresholds Ͻ36% connection probability) and that network configurations become increasingly unspecific and similar to those of random graphs at very high thresholds [e.g., a connection probability Ͼ50% (Humphries and Gurney, 2008) ]. Comparable approaches have been applied in previous studies (Achard and Bullmore, 2007; Bassett et al., 2008; Liu et al., 2008; van den Heuvel et al., 2009; Lynall et al., 2010) . Network characterizations based on binary networks gained by thresholding approaches are likely to neglect at least some information, such as the role of negative correlations. However, since the biological relevance of anticorrelations in fMRI networks is still under debate (Chang and Glover, 2009; Fox et al., 2009 ) and relies to some degree on the choice of fMRI preprocessing strategy (Murphy et al., 2009; Weissenbacher et al., 2009; Schwarz and McGonigle, 2011) , we ground our main functional network analysis on graphs that are fully connected and maximally sparse (i.e., in the described range of connection probabilities).
Graph theoretical properties. The following functional connectivity properties were estimated on the weighted matrices M of wavelet correlations r between the time courses of nodes i and j: regional connectivity strength, diversity, and integration. The regional connectivity strength S(i) is the average of all correlations between the ith node and all other nodes in the brain network. Nodal connection diversity D(i) is defined as the column variance over the connectivity strength S(i) of each node i (Campbell et al., 1986; Bassett et al., 2011) . Interareal integration I of the functional brain network was estimated by a principal component analysis using the ratio of the first eigenvalue to the sum of all eigenvalues (Lynall et al., 2010) . Functional network metrics degree k, clustering coefficient C, path length L, clustering ratio ␥, path length ratio , and small-worldness were estimated for the range of connection probabilities 36 -50% on adjacency matrices A: the nodal degree k of a node is the number of edges that link a node to the rest of the network; it is calculated on the adjacency matrix A. The regional clustering coefficient C is a measure of functional segregation, which is calculated by the ratio of the number of edges that exist between direct neighbors of a node and the maximum number of possible connections between these neighbors (Watts and Strogatz, 1998) ; only nodes with degree Ն2 were considered. Compared with complex networks, random networks are expected to have a lower average clustering. Characteristic path length L of a network is calculated as the harmonic mean of all geodesic distances d i,j between node i and j; it measures the average minimum number of steps that must be traversed to get from one node to another (Watts and Strogatz, 1998; Hayasaka and Laurienti, 2010) . Path length has been associated to a network's global efficiency (Latora and Marchiori, 2001; Achard and Bullmore, 2007) . Finally, small-worldness is given by the clustering ratio ␥, defined as C/C random , and the path length ratio , defined as L/L random . A network is assumed to possess small-world organization if ␥ Ͼ 1 and ϳ 1, resulting in values Ͼ1. For and ␥, average C random and L random were computed by applying a Markov chain algorithm to randomize all edges of the original networks while preserving their degree distribution. For each individual brain graph and all thresholds in the chosen range of connection probabilities, 10 randomly rewired matrices were generated (Maslov and Sneppen, 2002; Stam et al., 2007) . Graph metrics were calculated with the Brain Connectivity Toolbox [www.brain-connectivity-toolbox.net (Rubinov and Sporns, 2010) ]. Small-world organization seems an intuitively attractive model to describe brain networks since it enables segregated information processing in specialized modules as well as globally coordinated integration across the brain . Small-worldness was found on different scales and for different modes of neuronal networks (Bullmore and Sporns, 2009 ). Dense local clustering of functionally related cortices and relatively sparse global interconnectedness, i.e., a short average path length, is present in functional and structural brain networks (Salvador et al., 2005; Achard et al., 2006; Hagmann et al., 2008) . Modeling work supported the advantages of this network topology for efficient information processing (Latora and Marchiori, 2001) , learning (Simard et al., 2005) , and dynamic adaptivity and emergence of complexity (Sporns and Zwi, 2004) .
Subsystem connectivity analysis. We compared subsystem-specific connectivity changes across wakefulness and PI-LOC by allocating all 110 regions of the Harvard-Oxford Atlas into five major subsystems as proposed by Mesulam (2000) : association, limbic, paralimbic, primary sensory, and subcortical regions. Differences in intra-subsystem and intersubsystem connectivity were computed on the regional MODWT correlation coefficients and grouped into 15 categories containing all possible subsystem interactions (e.g., association-association, association-limbic, association-paralimbic, association-primary, associationsubcortical, etc.).
Topography analysis. We computed differential connection distance during PI-LOC by splitting all MODWT correlation coefficients into two groups according to their Euclidean distance in the anatomical brain graph (MNI space). The length of a connection was estimated by subtracting the respective x, y, and z coordinates of two nodes i and j from each other and by square root transforming the sum of the squared differential scores. The average connection distance of all brain regions in the graph, as measured from their respective center of mass, was 78 mm. Long distant connections were defined as correlations with Ͼ78 mm length; local connections were defined as having Յ78 mm length.
Statistical analysis. Statistical analysis focused on differences in functional connectivity and topology between wakefulness and PI-LOC. Analyses on graph measures across the range of connection probabilities (36 -50%), weighted graph measures, and subsystem connectivity were performed using paired t tests; a false discovery rate (FDR) was applied to correct for multiple comparisons (q set at 0.05). Paired t tests were also calculated on the differential scores of topographical distance measures. Changes in the degree distribution were calculated on mean graphs of the range of connection probabilities using 2 tests; distributions were split into high-degree nodes (Ն45 connections) and low-degree nodes (Յ45 BP data of one subject; CO 2 and RF data of three subjects had to be excluded from analysis due to recording problems. BP (blood pressure), SpO 2 (oxyhemoglobin saturation), CO 2 (endexpiratory carbon dioxide), RF (respiratory rate). Metrics S, D, and I were tested on the unthresholded connectivity matrices. Both analyses were performed on correlation coefficients of MODWT scale 3 (0.03-0.07 Hz). connections). MATLAB (version 2009a; MathWorks) and SPSS software version 18.0 were used for all statistical and computational operations. Effects of propofol on PeEn were tested using 95% percentile bootstrap confidence intervals (threshold p Ͻ 0.05) based on the area under the receiver operating characteristic curve (AUC) by comparing results in clustered frontal electrodes according to the 10-20 scheme (Jordan et al., 2010) .
Visualization. Changes in connectivity strength were rendered on cortical surface with Caret v5.61 software [http://brainvis.wustl.edu/wiki (Van Essen et al., 2001) ]. Cortical coloring is derived from the respective group values for each region of the Harvard-Oxford Atlas and mapped to the Caret PALS-B12 average template. Additionally, BrainNet Viewer v.1.0 (www.nitrc.org/projects/bnv) was used to visualize changes in connection density.
Results

Physiological measures
During PI-LOC, subjects showed a significant drop in systolic blood pressure (Table 1) . We found no significant effect on heart rate or respiration by propofol. There was a decrease in oxyhemoglobin saturation during PI-LOC, but no statistically significant change for CO 2 saturation compared with baseline. In the selected 11 subjects, no significant difference in individual's mean head movement was observed between baseline and PI-LOC. Due to problems in EEG signal recording, one subject had to be excluded from the PeEn analysis. PeEn of frontal EEG electrodes of remaining participants robustly separated wakefulness from PI-LOC: an AUC of 0.94 (0.76 -1.00) of PeEn (mean values of 18 EEG channels) confirmed significant changes in EEG from wakefulness to PI-LOC, where maximum of sensitivity and specificity was found at a threshold of 3.45.
Effects of PI-LOC on brain functional connectivity
Paired t tests yielded significant decreases in average connectivity strength S between wakefulness and PI-LOC across all scales of the wavelet decomposition, including MODWT scale 3 (Table 2 ). Significant reduction of regional connectivity strength was found in several regions of occipital, temporal, and parietal lobes (bilateral inferior, middle and superior temporal gyri, occipital, lingual and fusiform gyri, and superior parietal lobule) and in bilateral putamen and thalamus (Fig. 1) . We further observed a significant reduction in whole-brain integration I (t (10) ϭ Ϫ2.36, p ϭ 0.039), i.e., the percentage of variance accounted for by the first principal component decreased from 36% in the awake resting condition to 27% in PI-LOC (Table 2) .
Effects of PI-LOC on brain topological properties
In both conditions, the brain graphs showed a classical small-world topology ( Ͼ 1). The following differences in the network's global/local organization were observed: Using one-sided paired t tests, we found a significant decrease of clustering coefficient C during PI-LOC (t (10) ϭ Ϫ2.19, p ϭ 0.026; Fig. 2 ; Table 2 ). Since clustering coefficient C random of comparable random graphs decreased relatively more strongly (t (10) ϭ Ϫ2.48, p ϭ 0.016), we found a significant increase in the clustering ratio ␥ (t (10) ϭ 1.86, p ϭ 0.046). There was no significant effect on path length L and path length ratio for the applied range of connection probabilities. Accordingly, the increase in small-worldness (t (10) ϭ 1.90, p ϭ 0.043) was driven by differences in the clustering ratio ␥. Furthermore, we found significant differences in mean degree (Fig. 3A) and degree distribution of average graphs across the range of connection probabilities ( 2 (9) ϭ 44.10, p Ͻ 0.001), as well as a significant decrease in the proportion of high-degree nodes during PI-LOC [ 2 (1) ϭ 17.50, p Ͻ 0.001; degree distribution split into high-degree nodes (Ն45 connections) and low-degree nodes (Յ45 connections)]. Findings were robust across different brain parcellations (AAL template, regions of interest derived from Dosenbach et al., 2010) , frequency bands of the MODWT, and an analysis with 0.01-0.1 Hz bandpassfiltered time series (data not shown).
Effects of PI-LOC on subsystem connectivity
Connectivity within and between functionally defined subsystems (Mesulam, 2000) largely decreased during PI-LOC (Table  3) . We found significant alterations of functional connectivity between association and subcortical subsystems (t (10) ϭ Ϫ4.19, p FDR Ͻ 0.05). Moreover, nominally significant differences were noted for paralimbic and subcortical subsystems (t (10) ϭ Ϫ2.49, p ϭ 0.033, uncorrected) and primary sensory and subcortical subsystems (t (10) ϭ Ϫ2.87, p ϭ 0.016, uncorrected). We also observed decreases in connectivity strength within association subsystems (t (10) ϭ Ϫ2.89, p ϭ 0.015, uncorrected), between association and primary subsystems (t (10) ϭ Ϫ2.62, p ϭ 0.025, uncorrected), and limbic and primary sensory subsystems (t (10) ϭ Ϫ2.33, p ϭ 0.041, uncorrected). There was no significant change of connectivity within the primary sensory areas or between regions of the limbic subsystem. A repeated-measures ANOVA revealed a significant effect of subsystem on connectivity strength (F (14,140) ϭ 24.58, p Ͻ 0.001) and a trend for a significant effect of state on connectivity strength (F (1,10) ϭ 4.68, p ϭ 0.056). The interaction between subsystem and state was significant (F (14,140) ϭ 3.72, p Ͻ 0.001). Post hoc paired t tests on the delta scores (PI-LOC minus wakefulness) of each subsystem revealed that connectivity between the subcortical and association subsystem decreased more than connectivity within the association subsystem (t (10) ϭ Ϫ1.98, one-sided p ϭ 0.038) and than connectivity within the subcortical subsystem (t (10) ϭ Ϫ2.21, one-sided p ϭ 0.025).
Effects of PI-LOC on long-and short-range connectivity
There was a significant effect of PI-LOC on the ratio of long-to short-range connectivity (Fig. 3B) . We found a significant decrease in long-range connections (Ͼ78 mm; delta scores: mean(wakefulness) Ϫ mean(PI-LOC); one-sample t (10) ϭ 2.86, p ϭ 0.016) and in short-range connections (Ͻ78 mm; onesample t (10) ϭ 2.22, p ϭ 0.050). A paired t test on the mean delta scores revealed a stronger effect on long-range than on shortrange connections (t (10) ϭ 2.83, p ϭ 0.016). 
, and small-worldness ( ϭ ␥/)(C) were performed on MODWT scale 3 (0.03-0.07 Hz) throughout a range of 36 -50% connection probability (Table 2 ). Error bars indicate 95% CI. Figure 3 . Changes in mean degree and short/long-range connections. A, Group average networks for wakefulness and loss of consciousness. During PI-LOC, brain functional networks decreased in mean degree; depicted at correlation threshold r ϭ 0.3. B, Ratio of long-to short-range connections at PI-LOC compared with wakefulness (mean and SEM values of all long/short-range correlations). Both long-and short-range correlations decreased significantly during PI-LOC; * indicates significance of wakefulness versus PI-LOC for one-sample t test ( p Ͻ 0.05, one-sided). The reduction in long-range connections was significantly stronger; * indicates significance of wakefulness versus PI-LOC for paired t test ( p Ͻ 0.05). 
Discussion
In the present study, we applied graph theoretical analysis of spontaneous BOLD fluctuations in fMRI during PI-LOC, highlighting significant quantitative changes in the brain's spatiotemporal organization. First, we observed a decrease in general connectivity strength, particularly between higher-association cortices and subcortical regions. Second, changes in local and global connectivity metrics during PI-LOC revealed a decrease of whole-brain integration I, an increase in clustering ratio ␥, and a reduced probability of high-degree nodes. Third, we found a pronounced reduction of long-range connections during PI-LOC.
Effects of PI-LOC on subcortical and cortical functional connectivity
Our results indicate that even though propofol acts rather globally on the brain's intrinsic connectivity, effects are not uniform and can be associated with structures that have been linked to functional circuits of arousal and awareness (Franks, 2008) . This is in line with PET studies showing a global, yet locally graded, reduction in brain metabolism during propofol anesthesia (Fiset et al., 1999; Kaisti et al., 2003) . Consistent with recent fMRI studies on the effect of propofol, we observed systemic decreases in subcortico-cortical and corticocortical connectivity strength (Boveroux et al., 2010) . Regionally, we found significantly reduced connectivity strength of the thalamus, putamen, and several multimodal associative and sensory cortices, primarily located in posterior regions of the brain. The exact role of thalamus and thalamic functional connectivity in anesthesia-induced loss of consciousness is still debated (Alkire et al., 2008) . Although thalamus is very likely involved in PI-LOC, observed changes in connectivity may be attributed to direct effects of propofol on thalamic nuclei or indirect effects via thalamocortical feedback loops. A study in Parkinson's patients reported that propofol-induction lead to slowing in cortical before subcortical electrophysiologic patterns, which may indicate a potentially secondary role of thalamus in initiating loss of consciousness (Velly et al., 2007) . In contrast, for the onset of NREM sleep, deactivation of thalamus was found to precede that of cortex (Magnin et al., 2010) . Different effects in the sensitivity of cortical and subcortical structures to propofol may also be related to the disparity in the distribution of GABA A receptors (Alkire and Haier, 2001) . Ex vivo and PET studies revealed a lower GABA A receptor density in subcortical structures, such as the thalamus, than in structures of the neocortex (Braestrup et al., 1977; Gründer et al., 2001) . To estimate the significance of changes in thalamic functional connectivity between states of vigilance, a better understanding of the nature of infra-slow oscillations (ISOs) seems required (Hughes et al., 2011) . In particular, to what degree ISOs modulate behaviorally relevant EEG oscillations and whether their spatiotemporal organization promotes functional integration between distant brain regions requires further attention (Leopold et al., 2003; Raichle, 2009, He et al., 2010) .
In addition to subcortico-cortical connectivity changes, significant connectivity decreases of parieto-occipital brain structures support the view that this complex may be important for conscious processing (Alkire et al., 2008) . Coordinated interplay between posterior and frontal association cortices has been related to modulation of internal and external awareness (Boly et al., 2008) . Evidence for reduced coupling between posterior, parietal, and frontal cortices was reported in recent studies during deep NREM sleep (Horovitz et al., 2009; Sämann et al., 2011) and anesthesia (Boveroux et al., 2010; Schrouff et al., 2011) . Reorganized connectivity of posterior nodes, such as PCC, has been reported already for moderate levels of propofol (Stamatakis et al., 2010 ).
In accordance with previous studies, the connectivity within primary sensory cortices was not affected (Boveroux et al., 2010) . The decrease in connectivity strength between low-level primary sensory and high-level association cortices seems to support the notion that the brain's ability to process sensory information up the cortical hierarchy is likely to be impaired during PI-LOC (Heinke and Schwarzbauer, 2001 ). It is not clear whether this observation also relates to a decrease in cortico-thalamocortical coupling, as disconnection of the thalamus from the functional brain graph may not only prohibit flow of ascending information to the cortex, but also alter integration of information between cortical areas (Theyel et al., 2010) .
Effects of PI-LOC on topology of brain functional graphs
We observed that brain graphs demonstrate small-world topology during both wakefulness and PI-LOC. A relative maintenance of global principles may reflect an adaptive reconfiguration of brain organization , a process that has also been suggested for propofol-induced transitions of consciousness in a recent EEG study (Lee et al., 2010) . A significant increase in values of the clustering ratio ␥ was found during PI-LOC compared with wakefulness. Of note, this change resulted from a proportionally stronger reduction of C random than C. The larger decrease in C random may be related to the random rewiring of a more locally connected graph and to differences in the degree distributions between the two states. The increase in the clustering ratio ␥ could favor more local and less globally integrated information processing. This global-tolocal switch is further supported by the significant decrease in longrange connections during PI-LOC.
Our data also suggests that anesthetics particularly affect functional connectivity hubs, as found during normal wakefulness (Tomasi and Volkow, 2011) , showing a decreased incidence of high-degree nodes and a significant reduction in connectivity strength for structures such as thalamus and multimodal association cortices during PI-LOC. These findings were also accompanied by altered whole-brain integration, that is, a higher spatiotemporal decomposition of the functional network. Similar results have been reported by high-density EEG studies during deep NREM sleep (Massimini et al., 2005) and midazolaminduced sedation (Ferrarelli et al., 2010) .
Taking the view of major theories of consciousness, an increase of local clustering and a decrease in global coherence could mirror a decoupling of functionally related cortical processing modules, possibly relevant for large-scale information integration in the brain (Mashour, 2006) . Whether changes in levels of consciousness may be represented in ISOs of neuronal activity and how modifications in the organization and temporal coherence of ISOs affect brain function should be further investigated (He and Raichle, 2009 ).
Methodological considerations
Some limitations regarding our data have to be carefully considered. First, spontaneous BOLD signal fluctuations are an indirect measure of neural activity. Although there is mounting evidence on the neuronal origin of the BOLD signal and its correlation with local field potentials (LFPs), the exact nature and behavioral relevance of its fluctuations is not yet fully understood (Goense et al., 2012) . Results in favor of a neuronal origin of BOLD signal fluctuations have been reported by He et al. (2008) , showing a similar spatial correlation structure of BOLD signal fluctuations and LFPs for the frequency range of slow cortical potentials. Conversely, research has shown that BOLD signal fluctuations may contain diverse nonneuronal contributors, such as fluctuations from peripheral physiological sources, movement, or artifacts during data collection (Birn et al., 2006; Chang and Glover, 2009) . A better understanding of the neurovascular component of BOLD signal fluctuations is still needed. Even though we controlled for nuisance in our data and restricted our analysis to a frequency band Ͻ0.10 Hz, we cannot fully exclude that wavelet correlations used in our study have been influenced by other nonneuronal variables. One also has to consider secondary effects of propofol, which may mediate regional specific BOLD responses and complicate inferences from functional connectivity. To directly test whether differential effects on connectivity are due to drug exposure or loss of consciousness, future studies should investigate changes in network metrics at different dosages of propofol. However, our results overlap largely with summaries on the molecular effect of propofol (Franks, 2008) and studies that used PET to investigate its effect on brain metabolism (Kaisti et al., 2003) . It has to be stressed, however, that other dosages or types of anesthetics may show quite different effects on functional connectivity (Stamatakis et al., 2010) .
Second, one has to note that present graph theoretical analysis provides only a macroscopic view on brain functional organization and previous research has shown that how brain graphs are constructed, compared, and normalized to reference models may change results considerably (Zalesky et al., 2010; Wang et al., 2011) . To control for a methodological bias, we compared metrics across different brain parcellations and performed analyses on degree-preserved graph partitions. Since correlation strength of functional connectivity was significantly reduced during PI-LOC, the usage of strength as a single criterion to gain binary graphs would have lead to significant differences in the number of edges, and hence, different results with regard to measures such as the network's characteristic path length. The exact functional relationship between connection strength and topology requires further investigation (Rubinov and Sporns, 2011) .
Conclusion
Our findings emphasize the significance of brain functional networks as measured by spontaneous BOLD fluctuations during resting fMRI. They support the notion that PI-LOC may be associated with a disintegration of the spatiotemporal architecture of brain activity. Results indicate that PI-LOC is associated with decreased subcortico-cortical connectivity and a breakdown of connectivity within higher-order association cortices and between higher-order association and primary sensory cortices. Mirroring observations during deep NREM sleep, topological results indicate that intrinsic activity during PI-LOC is more locally segregated and less globally integrated.
